We develop a theoretical model of a network of intermediaries whose optimal behavior is jointly determined, leading to heterogeneous financial norms and systemic vulnerabilities. We apply the model to the network of U.S. mortgage intermediaries from 2005 to 2007, using a data set containing all private-label, fixed-rate mortgages, with loan flows defining links. Default risk was closely related to network position, evolving predictably among linked nodes, and loan quality estimated from the model was related to independent quality measures, altogether pointing to the vital importance of network effects in this market. In a recent paper, Stanton, Walden, and Wallace (2014) establish the existence of strong empirical network effects in the U.S. residential mortgage market, with clearly demarcated segments of connected firms subject to differing amounts of default risk. A recent theoretical literature also highlights the potential A previous version of this paper was circulated under the title "Securitization Networks and Endogenous Financial Norms in U.S. Mortgage Markets." We are grateful for financial support from the Fisher Center for Real Estate and Urban Economics. We thank Stijn Van Nieuwerburgh (the editor); two anonymous referees; and seminar participants at the 2015 meeting of the Western FinanceAssociation, the 2015 NBER Summer Institute conference on Risks of Financial Institutions, the Consortium for Systemic Risk Analytics (MIT) importance of network connections between intermediaries and institutions in explaining financial market risk. 1 These studies show that financial networks may create resilience against shocks in a market via diversification and insurance, but the network interconnections also expose market participants to additional sources of risk. Network structure can thus be a crucial determinant of the riskiness of a financial market.
after controlling for other observable characteristics like type and geographical position of the lender. We also find a positive relationship between predicted and actual out-of-sample default rates of the firms in the market. Finally, we compare estimated firm quality with labor intensity, which we argue is a proxy for how much firms invested in monitoring of loans, and again find an economically and statistically significant positive relationship.
The U.S. Residential Mortgage Market
The precrisis residential mortgage origination market comprised thousands of firms and subsidiaries, including commercial banks, savings banks, investment banks, savings and loan institutions (S&Ls), mortgage companies, real estate investment trusts (REITs), mortgage brokers, and credit unions. These had various roles in handling the loan flows from origination to ultimate securitization. Except for the closure of the Office of Thrift Supervision in 2011, the types of firms in the market are largely the same today.
A major driver of the subprime mortgage crisis was increased credit supply, as shown by Mian and Sufi (2009 , who study heterogeneous loan performance at the ZIP-code level and show that performance was closely related to credit availability. Other authors (see, e.g., Bernanke 2007; Di Maggio and Kermani 2014; Kermani 2014; Rajan 2010) have argued that the cumulative effect of low interest rates over the decade leading up to the financial crisis lowered user costs and increased the demand for credit to purchase housing services. Others have argued that the rapid expansions in the precrisis mortgage market arose due to widely held beliefs concerning continued house price growth (see, e.g., Cheng, Raina, and Xiong 2014; Glaeser and Nathanson 2017; Shiller 2014) Alternative explanations have focused on how mortgage securitization led to the expansion of mortgage credit to risky or marginal borrowers (see, e.g., Demyanyk and Van Hemert 2011; Loutskina and Strahan 2009; Nadauld and Sherlund 2013) . Palmer (2015) suggests that vintage effects were important in explaining heterogeneous loan performance: mortgages originated earlier had more time for house price appreciation in the booming market, which created a cushion against default. Our focus complements this literature, since as we shall see, precrisis network effects were also important in explaining heterogeneous loan performance in the securitized residential mortgage market. Figure 1 presents the market structure for loan sales, decomposed into three levels. Loans flow from the mortgage originator of record to the aggregator of the loans, and then to the securitization shelf and to the holding company that owns it. 2 Figure 1 portrays two possible holding-company types. The lefthand side of the schematic, shown in yellow, represents bank or thrift holding
Figure 1
The residential mortgage market structure Loan sales within affiliated firms (gray arrows) versus loan sales between unaffiliated firms (blue arrows).
company operations, while the right-hand side of the schematic, shown in green, represents investment bank or large independent mortgage company operations in the precrisis period.
The gray arrows represent loan sales between entities that are subsidiaries (they may or may not be fully consolidated) of the same holding company and the blue arrows represent loan sales between two unaffiliated firms and holding companies. 3 The graph of the gray arrows represents two trees. However, since loans in the market also flow between these entities, represented by the additional blue arrows in the figure, the market is really a network. 4 The network structure of the market is important, because it suggests complex interactions between intermediaries, potentially affecting their behavior and providing a channel through which shocks can spread.
Note that the arrows in Figure 1 are double-headed, representing bidirectional links in the network. In 2006, the preponderance of loan sales into the pools, typically organized as real estate mortgage investment conduits (REMICs), occurred within 60 days of the origination date of the loan due to the contractual structure of the wholesale lending mechanisms used to fund mortgage origination. 5 These contractual funding structures assign the cash securities offerings that will be conducted in the future through the shelf registration. The rules governing shelf issuance are part of the Secondary Mortgage Market Enhancement Act (SMMEA) (see Simplification of Registration Procedures for Primary Securities Offerings, Release No. 33-6964, Oct. 22, 1992 , and SEC Staff Report: Enhancing Disclosure in the Mortgage-Backed Securities Markets, January, 2003, http://www. sec.gov/news/studies/mortgagebacked.htm#secii). Examples of network loan sales for a sample of seven loans originated and securitized in 2006. The geographic location of the loans varied, as did the lender of record, the shelf registration of the loan, and the holding company that owned the shelf.
flows of the originated mortgages forward to each purchaser. However, the lender of record, or in some cases the aggregator, retains a contractual put-back option on the loan, which makes the risk structure of the loan flows bidirectional.
In line with this observation, Stanton, Walden, and Wallace (2014) find that the mortgage market is well represented by a bidirectional network, and that the performance of an individual node is closely related to the performance of the node's neighbors (i.e., the nodes with which it shares a link) in the network. We therefore follow Stanton, Walden, and Wallace (2014) and use a bidirectional network representation. Table 1 shows an example of actual loan flows for a sample of seven loans originated and securitized in 2006. Each of the seven loans was aggregated by the same subsidiary of Bank of America. As shown in the table, Bank of America (BofA) aggregated loans from independent mortgage companies (Accubanc, Ameriquest, GMAC, Taylor, and Bean & Whittaker Mortgage (TB&W Mtg)), from a S&L (World Savings), from a Bank of America branch, and from the subsidiary of another bank depository (Wells Fargo Bank). Bank of America then sold the mortgages to REMICs created within five different shelf-registration facilities. Three of these shelves were owned by Lehman Brothers and two by Bear Stearns. Thus, this Bank of America aggregator had a one-to-many relation both with lenders (the bottom level in Figure 1 ) and with holding companies (the top level in Figure 1 ), in line with the network description in Figure 1 . We stress that since links in the mortgage network represent loan flows, a neighboring relationship between two nodes has no geographical interpretation. Figure 2 shows the network structure for a small subset of the market containing 21 lenders, eight aggregators and four holding companies, which are connected via loans originated and securitized in 2006. The network has 61 links, compared with 28 links in a tree representation, with 4 trees "rooted" at the holding company level. Thus, in a tree representation, more than half of the links would be unaccounted for. InAppendixA, a so-called "minimum spanning tree" (MST) representation of the subset is presented, which, by including the links with the highest loan flow volumes, provides the most complete tree representation of the market. For the full market of intermediaries, consisting in 2006 of 11,095 lenders, 2,030 aggregators, and 56 holding companies, the MST representation only accounts for about 20% of the links. The fraction of loans accounted for in the MST is higher-about 50%-but still a significant fraction of the market is excluded when using a tree representation rather than a network representation of the market. Stanton, Walden, and Wallace (2014) find a positive relation between loan performance and the intermediary's network position. For example, they document a correlation of 0.23 between the average default rates of loans handled by an aggregator and those of other aggregators indirectly connected to that aggregator via a common node. 6 Why is this network effect present? One potential reason is that a shock that affects an intermediary spills over to its neighbors through contractual and business interactions. This effect, which plays out once a shock occurs and which we therefore call an ex post effect, is in line with the propagation mechanism described, for example, in Elliott, Golub, and Jackson (2014) . Another reason is that the very presence of ex post effects influences the behavior of intermediaries ex ante, before shocks occur, in their decisions regarding whom to interact with and which standards to choose. Indeed, a common explanation for the observed heterogeneous performance of banks and other financial institutions is that they vary in their standards, through their ability to monitor and evaluate the projects they undertake (see Berger and Humphrey 1997; Billett, Flannery, and Garfinkel 1995, and references therein) . Heterogeneous and decreasing lending standards were documented in the mortgage market in the years before the crisis (see Demyanyk and Van Hemert 2011; MacKenzie 2011; Poon 2008) . In what follows, we develop a model in which both ex ante and ex post network effects are important for explaining default rates in the U.S. mortgage market.
A Strategic Network Model of Intermediaries
We introduce the model in several steps. There are N intermediaries with limited liability, each owned by a different risk-neutral agent. Each intermediary initially has full ownership of a project that generates risky cash flows at t = 1, P n , and may moreover incur some costs at t = 0. The 1-period discount rate is normalized to 0. The intermediary's cash flow at t = 1 is denoted byF n , which may differ fromP n , because of insolvency costs and because intermediaries enter into risk-sharing agreements with each other. Agent n's objective is to maximize expected cash flows, net of any costs incurred at time 0,
The risky project has scale s n > 0, with two possible returns represented by the Bernoulli-distributed random variables ξ n , so that R n = R H if ξ n = 1, and R n = R L if ξ n = 0. The probability, p, that ξ n = 0 is exogenous, with 0 <p 1. We assume complete symmetry of risks in that the probability is the same for each of the N projects. 7 Realized cash flows to all agents are summarized by the random vectorF = F 1 ,...,F N , and the realized project cash-flows are summarized by the vectorP = P 1 ,...,P N . Each agent has the option to invest a fixed amount, C n 0 = cs n at t = 0, where c >0, to increase the quality of the project. This cost is raised externally at t = 0. If the agent invests, then in case of the low realization, ξ n = 0, the return on the project is increased by R > c, to R L + R. This investment cost could, for example, represent an investment in a screening procedure that allows the agent to filter out the parts of the project that are most vulnerable to shocks.
We represent the quality investment choice by the variable q n ∈{0,1}, where q n = 1 denotes that the intermediary invests in quality improvement. Intermediaries who choose q = 1 are said to be high quality, whereas those who choose q = 0 are said to be low quality. For the time being, we assume that c 7 Note that each project may be viewed as a representative project for a portfolio of a large number of small projects with idiosyncratic risks that cancel out, and an aggregate risk component measured by ξ n .
is the same for all intermediaries. We will subsequently allow c to vary across intermediaries, representing exogenous variation in costs. 8 There is a threshold, d >0, such that if the return on the investment for an intermediary falls below d, additional costs are imposed, and no cash flows can be recovered by the agent. 9 For simplicity, we call these costs "insolvency costs," in line with Nier et al. (2008) , who note that systemic events typically originate from insolvency shocks, although they are often also associated with liquidity constraints. We stress, however, that d would not necessarily represent the point at which a firm becomes insolvent, but more broadly a region below which additional costs are incurred. Also, although only important from a policy viewpoint and not for the actual predictions of the model, we take the view that these additional costs are wasteful in that they impose real costs on society rather than representing transfers.
It will be convenient to define the functions
We also make the following parameter restrictions:
The first restriction implies that there will be insolvency costs for a low-quality intermediary after a low realization. The second restriction states that the outcome in the high realization is always higher than in the low realization, even for a high-quality intermediary.
Isolated intermediaries
We first focus on the setting in which intermediaries do not interact and study the choice of whether to be high or low quality. The cash flows generated by project n are thenP
the total cash flows generated to the owner after insolvency costs are accounted for areF
and the t = 0 value of the intermediary is
Given the parameter restrictions (1), we have V n (0) = s n (1−p)R H . We make the technical assumption that if an intermediary is indifferent between being high and low quality, it chooses to become low quality. Therefore, q = 1 if and only if V n (1) >s n (1−p)R H , immediately leading to the following result: Proposition 1. An isolated intermediary chooses to be high quality, q = 1, if and only if
Proposition 1 is very intuitive, implying that increases in the probability of a high outcome, the insolvency threshold, or the costs of quality investments, make it less attractive for an intermediary to be high quality. The first argument in the maximum function on the RHS ensures that a high-quality firm avoids insolvency in the low state. If the condition is not satisfied, there is no benefit to being high quality even in the low state. The second argument ensures that the expected increase of cash flows in the low state outweighs the cost of investing in quality. The value of the isolated intermediary when following the rule (6) is then V n I = s n V I , where
Note that the intermediary's optimal choice in (6) is decreasing in the solvency threshold, d, that is, for low thresholds it is potentially optimal to invest in quality, whereas for high thresholds it is not. Also note that the objective functions of the agents coincide with that of society in this case with isolated intermediaries. Specifically, given that society has the social welfare function, V = n V n , under the constraint that intermediaries must act in isolation, the efficient outcome is realized by the intermediaries' joint actions. We obviously do not expect this to be the case in general, when agents interact.
Networks of intermediaries
Intermediaries may enter into bilateral contracts that transfer risk, and we represent such relations with links in a market network. Associated with the market network is the N ×N sharing matrix , where nn represents the fraction of risk that intermediary n transfers to n.
The model's key ingredients are intuitive: The network allows intermediaries to diversify risks and thereby avoid insolvency in some states. However, the network also creates incentive problems when intermediaries pay the full cost of quality investments that they then share as benefits from with other intermediaries, and it also exposes intermediaries to systemic risk. Intermediaries are free to add or sever links if it makes them better off. An equilibrium network must be robust against such strategic changes in network structure, which significantly restricts the possible equilibrium outcomes. 10 The market's network is represented by the graph G = (N ,E), N = {1,...,N}. The relation E ⊂ N ×N describes which intermediaries (nodes) are connected. Specifically, the edge e = (n,n ) ∈ E, if and only if there is a connection (edge, link) between intermediary n and n . No intermediary is connected to itself, (n,n) / ∈ E for all n, that is, E is irreflexive. The transpose of the link (n,n ) is (n,n ) T = (n ,n). Connections are bidirectional, e ∈ E ⇔ e T ∈ E. The operation E +e = E ∪{e,e T }, augments the link e (and its transpose) to the network, whereas E −e = E\{e,e T } severs the link if it exists. The number of neighbors of node n is Z n (E)= |{(n,n ) ∈ E}|.
Because of the high dimensionality of the problem when agents act strategically, we necessarily need a limited contract space. Specifically, we assume that the contracts available are such that intermediaries swap claims on the aggregate cash flows generated by their projects in a one-to-one fashion, similar to what is assumed in Allen, Babus, and Carletti (2012) . Although obviously a simplification, this assumption qualitatively captures the bidirectional risk structure between intermediaries, discussed in the previous section. The contracts are settled according to a market-clearing system along the lines of that in Eisenberg and Noe (2001) .
The risk-sharing rule is represented by the sharing matrix ∈ R N ×N + , where 0 ≤ nn ≤ min{s n ,s n } is the amount of project risk that intermediary n receives from (and in turn gives to) intermediary n . The residual risk intermediary keeps is nn , leading to the summing up constraint, 1 = s, where s = (s 1 ,...,s N ) , and 1 = (1,1,...,1) is a vector of N ones. For a general vector, v ∈ R N , we define the diagonal matrix v = diag(v) ∈ R N ×N . It will be convenient to characterize the fraction of the risk that intermediary n provides to agent n, which is represented by element nn of the matrix = −1 s , implying that s = s, and also the fraction of intermediary n's risk that it receives from n , represented by nn of the normalized sharing matrix
which, in turn, satisfies 1 = 1. The network represents a restriction on which sharing rules are feasible. This restriction may be self-imposed by intermediaries in equilibrium, who could choose not to interact even if they may, or it could be exogenous. Specifically, for a sharing rule to be feasible it must be that every off-diagonal element in the sharing matrix that is strictly positive is associated with a pair of agents who are linked, nn > 0 ⇒ (n,n ) ∈ E.
We focus on a simple class of sharing rules that ensure that all weights are nonnegative and that each intermediary keeps some of its own project risk, namely
and
We write (E) when stressing the underlying network from which the sharing rules is constructed. 
Here, δ n represents a vector of zeros, except for the nth element which is 1. Thus, either zero or one low realization occurs, and the probability for a low realization is the same for all intermediaries.
Clearing mechanism
The clearing mechanism for contract settlements is similar to that of Eisenberg and Noe (2001) (see alsoAcemoglu, Ozdaglar, and Tahbaz-Salehi 2015; Elliott, Golub, and Jackson 2014) , providing a mapping from project cash flows,P , to realized net settlement cash flows,F = CM [P ] . The outcome is chosen so that it minimizes the number of defaults (which all agents agree are costly), by solvingF = fG , where (10)
Here, f , represents the solvency vector f ∈{0,1} N , with f n = 1 if intermediary n is solvent in equilibrium and f n = 0 if intermediary n is insolvent. Moreover, G represents the cash flows generated by intermediaries, taking into account the default of all other intermediaries but not the intermediaries' own defaults, whereasF represents the cash flows to the owners (which will be zero below the insolvency threshold), taking into account the intermediaries' own defaults. Condition (11) ensures that the number of solvent intermediaries is maximized, whereas condition (12)-in which the function X is applied element-wise on the input vector-is a constraint that ensures that only intermediaries above the solvency threshold remain solvent.
As discussed in the appendix, (10)-(12) can be solved by initially assuming that all intermediaries remain solvent, and then iteratively updating those that violate (12) until no further insolvencies occur. This leads to a dynamic interpretation of how defaults propagate: after m steps of the iteration,F m and G m represent the cash flows, given the insolvencies that have occurred so far.
The net cash flows to the intermediaries are given by the vector w(ξ |q,E)=F (ξ,q)− c s q,
and the t = 0 value-vector of intermediaries, given quality investments, q, and network E is then given by
Equilibrium
We build upon the pairwise stability concept of Jackson and Wolinsky (1996) , in addition requiring equilibrium in the multistage game to be subgame perfect.
Starting with a proposed equilibrium network, E, each agent may unilaterally decide to sever a link to another agent or to sever links with all other agents. Bilaterally two agents can decide to add a link between themselves. In equilibrium we require agents to have correct beliefs about the quality decisions made by their counterparties. Appendix C provides an extended treatment. Let E * denote the complete network in which all nodes are connected and E 0 = ∅ the empty network in which all nodes are isolated. There is a maximum possible network,Ē ⊂ E * , such that only links that belong toĒ may exist in the equilibrium network. This restriction on feasible networks could, for example, represent environments in which it is impossible for some agents to credibly commit to deliver on a contract written with some other agents, because of low relationship capital or limited contract enforcement across jurisdictions. A network, E, is feasible if E ⊂Ē. If all agents who may be linked actually choose to be linked in equilibrium, that is, if E =Ē, we say that the equilibrium network is maximal. It also may be the case that E is a strict subnetwork ofĒ. The primitives of the economy are then summarized in the tuple
The sequence of events in the game is described in Figure 3 . At t = −2, each agent may unilaterally decide to sever a link to another agent, or to all other agents. Each agent can also propose to add a link, in which case the other agent has the option to accept or decline at t = −1. Then, after the resultant network is determined, agents choose quality and outcomes are realized. Note that we implicitly assume that the actual quality decision is not contractible. Consider a candidate equilibrium, represented by a network E and quality choices q. Each agent, n, has the opportunity to accept the sharing rule,ˆ (E), as is, by neither severing nor proposing new links at t = −2. But, in line with the pairwise stability concept, any agent n can also unilaterally decide to sever a link with one neighbor, n , leading to the sharing network E = E −(n,n ), and corresponding sharing ruleˆ (E ).Also, any agent can propose an augmentation of another link (n,n ) ∈Ē\E, which if agent n accepts leads to the sharing network E = E +(n,n ) with sharing ruleˆ (E ). Finally, we assume that each agent can unilaterally choose the isolated outcome, V n I , by severing its links to all other agents.
The possibility to unilaterally sever all links in a sharing network-although not technically part of the standard definition of pairwise stability-is natural, in line with there being a participation constraint that no intermediary can be forced to violate. It provides a minor extension of the strategy space.
The severance, proposal, and acceptance/rejection of links occur at t = −2 and t = −1. The agents then decide whether to invest in quality or not at t = 0, each agent choosing q n ∈{0,1}. A pair (q,E), where E ⊂Ē, is defined to be an equilibrium, if agents given network structure E choose investment strategy q, if no agent given beliefs about other agent's actions-under the current network structure as well as under all other feasible network structures inĒ-has an incentive to either propose new links or sever links, and if every agent's beliefs about other agents actions under network E as well as under all feasible alternative network structures are correct.
Analysis of Equilibrium
We first analyze some specific types of equilibrium networks, shown in Figure 4 , then use simulations to study the relationship between quality choice and A B C
Figure 4
Network examples (A) Two-node network, (B) complete network, E * , and (C) star network, E S .
network position, and finally provide a partial characterization of node behavior in general networks. The key takeaways from our analysis, relating local network position, global network structure, and quality, is that heterogeneous financial norms tend to be clustered in the network, that the equilibrium quality decision of a node is related to the size and connectedness of that nodes' neighbors, and that the quality decisions of a systemically pivotal subset of nodes are disproportionately important for the systemic vulnerability of the market.
Two intermediaries
Consider the case with two intermediaries in the network with risk sharing shown in Figure 4A , with scales s 1 = s 2 = 1. The risk-sharing contract is such that intermediary 1 agrees to deliverP 1 /2 to intermediary 2 at t = 1, and, in turn, receiveP 2 /2 from intermediary 2. The sharing matrix in such a risk-sharing equilibrium is
There is also another possible equilibrium in this case, the isolated one E 0 , with sharing matrix
For the action q ∈{0,1}, we let ¬q denote the complementary action (¬q = 1−q). The conditions for risk sharing to be an equilibrium are then the following
Condition (15) ensures that it is incentive compatible for both agents to choose the suggested investment strategies given that they share risks, while condition (16) presents participation constraints that state that risk sharing dominates acting in isolation for both agents. 
Equilibrium:
Figure 5 Value functions
Value functions in economy with two intermediaries, as a function of insolvency threshold, d. The following value functions are shown: V I (circles, dotted black line), V 1 (1,1|E * ) (squares, magenta), V 1 (0,1|E * ) (stars, red), V 1 (1,0|E * ) (pluses, blue), and V 1 (0,0|E * ) (crosses, green).
We choose parameter values
.05, p = 0.15, and vary the insolvency threshold, d. Figure 5 shows the resultant value functions.
There are four different regions with qualitatively different equilibrium behavior. In the first (leftmost) region, where 0.6= R L + R > d, the unique equilibrium is the one where both agents invest in quality (q = (1,1)) and there is no risk-sharing (network E 0 ), leading to values V I for both intermediaries. No intermediary ever becomes insolvent in this region (since d <R L + R). The outcome where both agents invest and share risk would lead to the same values, but cannot be an equilibrium because each agent would deviate and choose to avoid investments in this case, given that the other agent invests. This can be seen by observing that the red line with stars corresponding to V 1 (0,1|E * ), that is, risk sharing with low quality for agent 1 and high quality for agent 2, is above the magenta line with squares, which corresponds to V 1 (1,1|E * ), that is, risk sharing and high quality for both agents. The deviation strategy is profitable because the deviating agent shares the benefits of quality investments, and therefore the benefit of investing is only p × R/2= 0.15×0.4/2= 0.03 at t = 1, but he incurs the whole investment cost of c = 0.05 at t = 0. The agents therefore cannot coordinate on the high-quality outcome.
In the second region, where 0.
, the equilibrium changes so that both agents choose low quality, q = (0,0) and share risks, that is, the equilibrium network is E * . The outcome corresponds to the green line with crosses, and default never occurs. The reason why isolation is no longer an equilibrium is that quality investments in isolation are no longer sufficient to avoid default after a low shock realization (R L + R ≤ d). Therefore, V I drops substantially. A risk-sharing outcome with quality investments would increase the value to the magenta line with squares, but coordination on this outcome is not possible for the same reason in the first region.
In the third region, where 0.
, the equilibrium is one of risk sharing, E * , with quality investments q = (1,1) (magenta line with squares). The reason why it is possible to coordinate on quality investments in this region is that without quality investments, default occurs after a bad realization ((R L +R H )/2 ≤ d), so the expected benefit for an agent of investing in quality rather than deviating is p((R L + R +R H )/2) = 0.15×0.9= 0.135, which readily outweighs the cost of 0.05.
Interestingly, although insolvency costs are higher in the third region than in the second region, so is equilibrium welfare. This suggests that if the insolvency cost friction can be affected, for example, by a regulator, the policy implications of decreasing d may be nontrivial: decreasing the friction may actually decrease welfare.
Finally, in the fourth (rightmost) region, where 0.9= (R L + R +R H )/2 ≤ d, default always occurs after a bad realization regardless of the risk-sharing agreement and quality investments. Investment in quality is therefore useless and the agents also choose to be isolated since defaults will propagate if they share risk ( increasing the individual probability of default from p to 2p). Thus, q = (0,0), and the network is E 0 in this region.
We note that q 1 = q 2 for all equilibrium outcomes. This suggests that the "financial norm" of an intermediary-defined as its quality-depends on the financial norm of the intermediary with which it interacts, in line with the intuition that norms are jointly determined among interacting agents. In the two-agent case, it is straightforward to show that this property is generic: Proposition 2. In any equilibrium of the network model with two agents, both agents make the same quality choice, that is, q 1 = q 2 . No insolvencies occur in equilibria with risk sharing.
In our terminology, intermediaries share financial norms in equilibrium. 12 The possibility for agents to cut links is crucial for the result. As shown in the proof 12 Note that our notion of financial norms follows from game theoretic principles. Each intermediary maximizes its own "utility" (defined as its total expected payoff), and the common quality is an equilibrium outcome. Our approach is in line with much of the economics literature on networks, but has been criticized in the sociology and organizations literature as being too narrow to capture the richness of network interactions in a business environment. Granovetter (1985) and Uzzi (1997) , for example, suggest that economic actions are embedded in structures of social interaction, and therefore must be understood within such a context. Such considerations would likely amplify the importance of financial norms if incorporated into our model.
of Proposition 2, if the risk-sharing network was exogenously given, it would be possible to get a risk-sharing outcome with heterogeneous financial norms. In other words, common equilibrium financial norms are a consequence of the possibility for agents to affect network structure.
Complete network
The complete network E * is shown in Figure 4B with N = 4 intermediaries. For large N, we can completely characterize when a complete network is an equilibrium, as shown in the following proposition:
Proposition 3. Consider the economy E with maximal networkĒ = E * . For large N:
, then the complete network, E * , with no quality investments, q = 0, is an equilibrium. No intermediary ever becomes insolvent in this equilibrium, and there is no other complete-network equilibrium. (b) If both conditions in (a) fail, then there is no complete-network equilibrium.
The result suggests that the complete network efficiently facilitates complete risk sharing-no insolvencies occur-but may not achieve efficient quality investments. Indeed, intermediaries may well be better off if they could coordinate to invest in quality, but the free-rider problem becomes more severe the larger the complete network, since each intermediary shares less of the benefits of quality investments the larger the network. Therefore, only lowquality equilibria may survive in large complete networks. When the conditions in (a) fail, it is more efficient for an intermediary to isolate and invest in quality, and the low-quality complete network no longer constitutes an equilibrium. Also note that, like in the two-node network (which is a special case of a complete network), all agents share the same (low) financial norms in large complete network equilibria.
Star network
The star network E S is shown with N = 5 intermediaries in Figure 4C . Note that the network is asymmetric in that the central "hub" has 4 neighbors whereas the peripheral nodes, n = 2,...,5 have one neighbor each. We first study the special case where the hub is exactly as large as all the other nodes together, s 1 = N −1, s 2 ,...,s N = 1, so that each peripheral node shares exactly half of its risk with the hub, which, in turn, shares half of its risk with the other nodes altogether. In this case, we have Proposition 4. Consider the economy E with parameters, s 1 = N −1, s 2 ,...,s N = 1, and maximal networkĒ = E * . For large N : Thus, for large star network equilibria, the financial norms are again homogeneous in this case. Like in previous cases, high-quality nodes will not keep connections with low-quality nodes, either preferring to isolate or to switch quality. If we allow other size relations between the hub and peripheral nodes, then there exist equilibria for which the financial norms of the nodes differ. We have: and all the peripheral nodes are high quality, whereas if α ≥ 1, there are no such star network equilibria. (c) For no α is there a star network equilibrium for which the hub is high quality and all the peripheral nodes are low quality.
The result provides further intuition about the relationship between size, number of connections, and quality choice. Specifically, within the class of star networks, all else equal, it is more likely for a node to be high quality if it is larger and if it has fewer connections. In both cases the node keeps a larger fraction of its own project, and therefore has a higher incentive to invest in quality.
Note that there is an asymmetry in Proposition 5 in that it is possible to have a hub with low norm and peripheral nodes with high norms, whereas the reverse equilibrium outcome is not possible. The reason is that in a hypothetical equilibrium in which the hub is high quality, and the peripheral nodes are low quality, the hub can always increase its value by severing one link. Indeed, such a move is preferred by the hub, since it does not change the states in which insolvency occurs because each peripheral node has a very marginal impact on the hub, while allowing it to keep more of its high-quality project. 
The situation is quite different in an equilibrium with a low-quality hub and high-quality peripheral nodes. In this case, the deviation strategy is for two peripheral nodes to form a link, but because of the more severe incentive problems they face when they share more risk, the outcome may be that the peripheral nodes switch to low quality in this case, making the outcome worse. Therefore, the star network with a low-quality hub and high-quality peripheral nodes survives as an equilibrium. We stress that the aforementioned argument is only valid for large networks.
Random networks
We explore whether the common financial norms documented so far extend to general, less structured networks. Specifically, using simulations, we explore the relationship between network structure and quality choice for a class of randomly generated networks. We simulate 1,000 networks, each with N = 9 nodes. We use the classical Erdös-Renyi random-graph-generation model, in which the probability that there is a link between any two nodes is i.i.d., with the probability 0.25 for a link between any two nodes, and we also randomly vary c across intermediaries, c n ∼ U (0,0.025). 13 For computational reasons, we focus on networks in which equilibria are maximal, E =Ē. Table 2 shows summary statistics for high-quality nodes compared with low-quality nodes equilibrium. We see that there are on average more highquality nodes. Also, not surprisingly, the average cost of investing in quality for high-quality nodes is lower than for low-quality nodes. Most interestingly, the average quality of neighbors of high-quality nodes is higher than of lowquality nodes. These differences are statistically significant. The last result is especially important, since it shows that the financial norms are indeed closely related to network position in that they tend to be clustered, in line with our results for two intermediaries.
Another way of measuring the presence of such clusters is to partition each network into a high-quality and a low-quality component, and study whether the number of links between these two clusters is lower than it would be if quality were randomly generated across nodes. Specifically, consider a network with a total of K = |{(n,n ) ∈ E}| links, and a partition of the nodes into two clusters:
, and the number of links between the two components: M = |{(n,n ) ∈ E : n ∈ N A ,n ∈ N B }|. In the terminology of graphs, M is the size of the cut-set, and is lower the more disjoint the two clusters are. The number of links one would expect between the two clusters, if links were randomly generated, would be W = 1 N (N −1) N A N B K, so if the average M in the simulations is significantly lower than the average W , this provides further evidence that financial norms are clustered. Indeed, the average M in our simulations is 12.2, substantially lower than the average W which is 14.2, corroborating that network position is related to financial norms.
The intuition for why norms are clustered is that, in general, connected nodes need to coordinate on high quality. When such coordination fails, nodes jointly choose low quality instead. A few nodes may "bridge" high-and low-quality clusters. For such nodes, it is optimal to be high quality, even though they are connected to some low-quality nodes, because of the diversification benefits these low-quality connections provide.
Equilibrium behavior in general networks
A complete characterization of the equilibrium behavior of all nodes in a general network is out of reach, but we are able to characterize the behavior of a usually significant majority of the nodes, namely those whose quality choices do not affect the cash flows they receive from other nodes. In Section 2.3, we introduced the solvency vector, f , where f n represents whether intermediary n is solvent in equilibrium. Definition 1. Node n is said to be systemically pivotal in equilibrium if its quality choice influences the set of nodes that become insolvent in some state, that is, if for some state ξ ∈ Ω, and intermediary m = n,
Here, (¬q n ,q −n ) denotes the action vector for which agent n switches to the complementary action, and all other agents choose the same actions used in equilibrium (see Appendix C).
A node that is merely a channel through which shocks propagate will not be classified as systemically pivotal. In other words, our definition focuses on how financial norms generate systemic risk. We partition the network into the set of nodes that are systemically pivotal, N S , and those that are not, N U . Nodes that belong to N S are of especially high interest, since their quality decisions impact the solvency of other nodes in the network, creating a systemic externality.
The behavior of nodes in N U is straightforward to characterize. We define n,z = R L nn +R H j =n jn f j (1−δ n ,(q n = z,q −n )), z ∈{0,1}, 14 and then have Proposition 6. Any node n ∈ N U is high quality in equilibrium, q n = 1, if and only if one of the following two conditions holds:
(1) d − n,1 < 0 (1a) and
Note that Proposition 1 for the two-node network is a special case of Proposition 6, because when node n is not connected to any other node it follows that nn = 1, n = R L , and that condition (1) is never satisfied (because of the assumption that R L <d). Moreover, condition (2) then collapses to d −R L < R, and c n p −R L < R, which are equivalent to the condition for high quality given in Proposition 1. Note that (1b) imposes a stronger condition on a connected node for being high quality than for an isolated node, since nn < 1 for a connected node. The reason is the incentive problem that arises because a connected node shares the benefits of quality investments with other nodes, in contrast to an isolated node.
For nodes in N S , the above restrictions on equilibrium behavior do not apply. The following proposition states that systemically pivotal nodes always have at least as high incentive to be high quality as nodes that are not systemically pivotal, and it is straightforward to show: Proposition 7. For any node n ∈ N S , each of conditions (1) and (2) in Proposition 6 is sufficient for n to be high quality in equilibrium, q n = 1.
The intuition behind the result is straightforward: systemically pivotal nodes are not only directly affected by a negative shock if they decide to be low quality but also potentially by negative feedback from other nodes that they affect. The feedback effect always increases the value of being high quality compared with nodes that are not systemically pivotal. Nonpivotal nodes only affect the network locally, as shown by the following proposition.
Proposition 8. Only systemically pivotal nodes may through their quality choices affect the cash flows of nodes beyond their direct neighbors.
In practice, systemically pivotal nodes tend to make up a small fraction of the nodes in the network, that is, there will be many nonpivotal nodes that behave in a manner that is straightforward to characterize, in line with Proposition 6, and a smaller set of pivotal nodes with richer behavior. We note that although pivotal nodes are more motivated to invest in quality than nonpivotal nodes, they still do not internalize the full effect of their quality choices, in contrast to the market with isolated nodes in Section 2.1. 15 We study how local network characteristics are related to whether a node is systemically pivotal. Define
which is a normalized measure of the slack between the insolvency threshold and the high outcome. We say that node n is well diversified if nn <κ. It is easy to see that well-diversified nodes survive after a low shock realization, even if they are low quality. It also follows that:
Proposition 9. Consider an economy with normalized slack κ defined by (17). If node n's neighbors are all well diversified, then n is not systemically pivotal, n ∈ N U .
Node n's prospects of being well diversified depends on it own connectivity, but also on the connections and sizes of its neighbors. All else equal, node n's likelihood to be well diversified (because of a lower nn ) increases the larger the sizes of its connections, and the fewer connections they have ( nn is nonincreasing in nj , and nj is, in turn, nondecreasing in s j and nonincreasing in Z j ). Moreover, the lower nn is for a well-diversified node, the lower the incentive of the node to invest in quality, because of the free-rider problem, altogether leading to Corollary 1. For a well-diversified node, n, all else equal, (i) The more connected node n is, the more likely it is that n is low quality.
(ii) The less connected the neighbors of node n are, the more likely it is that n is low quality. (iii) The larger the neighbors of node n are, the more likely it is that n is low quality.
These argument are based on local properties, that is, on the network properties in a neighborhood of a given node. Similar local arguments also holds for an extension of the model in which d varies across the network, for example, because of different regulatory regimes, although this extension is not part of our base model. A higher d implies a lower κ and therefore a stricter hurdle for a node to be well diversified. Moreover, a well-diversified node has, all else equal, less of an incentive to be high quality than a node that is not well diversified, since quality investments may save the latter node from default, leading to:
Corollary 2. In an economy in which the solvency threshold d varies, nodes are more likely to be low quality in regions with lower d.
The insolvency threshold for a node also may be related to other node characteristics, for example, the number of neighbors, Z n . 16 In case of a negative relationship between d n and Z n , the two effects from Corollary 1(i) and Corollary 2 reinforce each other, whereas they go in opposite directions when there is a positive relationship. In unreported numerical simulations we have verified that the insolvency threshold effect dominates, so that highquality nodes are associated with higher insolvency thresholds both when the relationships between size and insolvency threshold are positive and negative.
Application to the Mortgage Market
This section investigates the extent to which the model can help to explain the empirical findings of Stanton, Walden, and Wallace (2014) , who documented a strong relationship between loan performance and empirical mortgage-network characteristics. We also test several new empirical predictions. Specifically (more detail is provided below):
1. There should be a positive relation between the loan performance of a firm and that of its neighbors. 2. There should be a positive relation between the financial distress of a firm and that of its neighbors. 3. The estimated quality measure in the model should be related to other, independently observable, measures of quality. 4. There should be a positive relation between predicted and realized loan performance. 5. There should be lower predicted performance of firms that defaulted than of those that remained in the sample. 6. Ex ante effects, that is, financial norms, should be important for the model's ability to predict future defaults.
Data
To evaluate the model, we use data assembled from Dataquick, ABSNet, and Dealrate.com. Table 3 provides summary statistics. (2007) 5,957
Summary statistics for loan origination characteristics, default performance (60 days delinquent), the performance of loans in the loan's ZIP code (excluding subject loan), the performance over firms' network paths, and aggregate lender performance.
Individual loan details, 2006.
The first eight rows of the upper panel of Table 3 provide loan contract and origination summary statistics for the first-lien, fixed-rate mortgages originated and securitized in private-label mortgage-backed securities in 2006. The average loan balance was $277,425 and the average cumulative loan-to-value ratio was 79%. The average coupon on the mortgages was 7% and the average maturity was 33 years. About 33% of the loans were conventional, conforming loans and the average FICO score was 670. Loan costs averaged about 15% of the balance, with a standard deviation of 4%. In total, 37% of the loans defaulted during the period.
Geographic effects.
We construct two ZIP-code-level measures for local mortgage-market conditions and the localized incidence of loan defaults. The first of these measures, Loan ZIP code average loan-level default, is the average mortgage default incidence through 2013, excluding the subject loan, where default is defined as real estate owned, foreclosure, bankruptcy, 60, 90, 120, and 150+ day delinquencies for 2006 mortgage originations within that ZIP code. Our second measure, Weighted average loan-level default in contiguous ZIP codes is constructed by geoprocessing the U.S. Census shape files for ZIP code tabulation areas (ZCTAs) using polygon neighbor functions to identify the continguous neighbors for each ZCTA and then using the ZIP code for each loan to map loans onto their appropriate ZCTA and contiguous neighbors. We then use ZCTA centroid distances and the 2006 mortgage origination balances to construct a weighted average loan-level default rate for all of the loans originated in ZIP codes contiguous to the subject loan's ZIP code. Our definition of loan default uses the same performance outcome variables as those defined above, and the evaluation period is again through 2013. As shown in Table 3 , the average ZIP-code-level default was about 37% for 2006 mortgage originations over the period, and the average default rate among 2006 loans originated in contiguous ZIP codes was about 32%.
Network neighbor default performance.
We construct the network, E, from the loan flows, as discussed in Section 1. The performance within the network neighborhoods is measured as the average (excluding the subject node) of the default rates of nodes that are indirectly connected to a node in the network (i.e., at distance 2). We have three measures of performance within network neighborhoods: (1) Neighboring Lenders Average Default Rate, the average default rate of lenders connected to a lender via an aggregator; (2) Neighboring Aggregator Average Default Rate, the average default rate of aggregators connected to an aggregator, either via a lender or via a holding company; and (3) Neighboring Holding Company Average Default Rate, the average default rate of holding companies connected to a holding company via an aggregator. The next section of Table 3 presents the default performance within the three network neighborhoods of the node, again excluding the subject node.
As shown, the average lender default level for neighboring network lenders was 44%. The average default level for neighboring aggregators to the subject firm's aggregator was 38%, and the average default level for the neighboring holding company was 38%.
Local economy.
The local market economy is measured using ZIPcode-level averages from 2006 to 2013 for adjusted gross income obtained from the Internal Revenue Service and for median sales prices for homes obtained from Zillow. 17 As shown in Table 3 , the average ZIP-code-adjusted gross income over the period was $53,115 and the average median house price was $302,545.
Lender type.
To control for possible regulatory effects (see, e.g., Agarwal et al. 2014 ), we introduce indicator variables for the type of lending institution that originated the loan. We have five lender types: banks, savings and loan institutions, credit unions, mortgage companies, and other. The banks are primarily regulated by the Office of the Controller of the Currency, the savings and loan institutions were regulated at the time by the Office of Thrift Supervision, the credit unions by the National Credit Union Administration, and the mortgage companies were primarily regulated by the Department of Housing and Urban Development. The composition of lender types in the data is 30% banks, 8% savings and loans, 59% mortgage companies, and 3% credit unions. The remaining mortgages were originated by finance companies and home builders. Table 3 presents summary statistics for the first-lien, fixed-rate mortgages originated and securitized in private-label mortgage-backed securities in 2007. As shown, the loan balances at origination were larger, the cumulative loan-to-value ratios were larger, and the contract rates were higher than in the 2006 originations. A larger share of the fixed rate mortgages were conventional conforming, and the ex post default rates are similar.
Individual loan details, 2007. The second-lowest panel of

Firms that left sample in 2007.
The lowest panel of Table 3 shows that overall, of the 11,095 firms in the sample in 2006, 5,138 (46.3%) dropped out in 2007 due either to closure or to bankruptcy. Of the indirect lender-to-lender connections in the 2006 network, 26.7% disappeared during 2007.
Network position versus loan performance Prediction 1.
There is a positive relation between the loan performance of a firm and that of its neighbors. Table 4 presents the results of regressing loan defaults, defined as loans that are 60 or more days delinquent at any time between their origination date and December 2013, on the physical geography and macroeconomic environment of the loan collateral, the performance of the originators, aggregators, and holding companies within the loan's network, the contractual characteristics of the loan, and the type of originator. The regression is intended to highlight the empirical relationship between network position and loan performance, controlling for a wide range of contractual, local economy, and regulatory effects that are typically found in default-estimation strategies (see, e.g., Adelino, Schoar, and Severino 2016; Mian and Sufi 2009) .
As shown in Table 4 , the default rate of a loan is significantly affected by the average mortgage default rate within the same ZIP code (excluding the sample loan), the default rates of contiguous ZIP codes and the local macroeconomy, as well as by the average default rate for the lenders, aggregators and holding companies within the loan's network. To see the importance of network effects relative to purely geographical effects, a 1% increase in the default rates of neighboring lenders within the network leads the subject loan's default rate to increase by 2.28%; a 1% increase in purely geographically determined localmarket default rates leads to an increase in the subject loan's default rate of only 0.54%. Similarly, an increase of 1% in the default rates of the neighboring aggregators within the network leads the subject loan's default rate to increase by 1.15%; a 1% increase in the average default rates of contiguous ZIP codes leads to an increase of only 0.37%. Even for the more network-distant holding companies, a 1% increase in default rates leads to an increase of 0.84% in the subject loan's default rate.
All the other coefficients reported in Table 4 have the expected association with default. Interestingly, we find that ZIP codes with higher gross income levels and higher median sales prices are associated with elevated default levels. 18 Moreover, surprisingly, mortgage companies, banks and savings and loan institutions are associated with lower loan-level default rates relative to credit unions and finance companies, despite the presence of loans from several bankrupt firms that were mortgage companies and savings and loan institutions.
Although we include geographic controls, we cannot completely disentangle whether these effects are driven by network proximity or by some omitted factor that is correlated with network position. By studying the change of the network over time, we can rule out that such a factor captures static node characteristics. Specifically, we study the nodes that were neighbors of a node in 2005 but not in Overall, these results suggest that the mortgage loan flow network captures an important factor through which heterogeneous risk exposure and underwriting quality affected loan performance. These network effects appear to be over and above the well known effects of local house price and income dynamics, loan contract characteristics and other local market conditions, and are broadly consistent with the implications of our model.
Network position versus firm performance Prediction 2.
There is a positive relation between the financial distress of a firm and that of its neighbors.
Above we consider how network position affects the performance of individual loans. Here we consider network position's effect on firm performance, in the process verifying that loan-level default performance is a good proxy for firm performance. To make sure that any effects we identify are not merely due to, say, geographical differences that are correlated with network structure, we include additional variables to control for the subject firm's location, local macro factors such as house prices and household income, and the type of firm. We estimate the following specification: Results are presented in Table 5 . The primary finding is that the percentage of firm failures in 2007 among neighboring network lenders, Network F F i , has a large effect on the failure of the subject lender in 2007, even after controlling for geography, loan performance, and macro factors. A one-percentage-point increase in the 2007 failure rate of neighboring network lenders would lead to a 0.43% increase in the subject firm's failure rate. Geographically, both the local mortgage defaults, Zip LD i , and the networklocal defaults, Network LD i , are positively associated with firm failure in 2007 at better than the .0001 level of statistical significance. This result suggests that our loan-level default measure of firm performance is a reasonable proxy for firm level performance even with direct controls for firm failures among network linked firms. Among the macro factors, higher average IRS household gross income leads to a statistically significant lower failure rate. Higher house prices in the state in which the subject firm is located do not have a statistically significant effect on firm failures in 2007. Finally, commercial banks were significantly less likely to be closed or become bankrupt in 2007, while independent mortgage companies were more likely. Being a savings and loan institution did not have a statistically significant effect on the likelihood of 2006 lenders disappearing from the sample.
Financial norms versus labor intensity Prediction 3.
The estimated quality measure in the model should be related to other, independently observable, measures of quality.
We estimate the network's quality vector and study how it relates to independent quality measures. 19 We use the number of links a node has as a proxy for its size, s n . For each node, we compute the average of all costs of loans flowing through that node in a given year, and use this as a proxy for the cost c n . We also use the measures ofG and E described in Section 4.1. We use the method described in Appendix D to estimate the quality vector, q, and the parameters R L , R H , R, d, and p, under the assumption that observations occur afterm = 4 steps of the clearing mechanism. We adopt the visualization approach in Stanton, Walden, and Wallace (2014) , in which the high-and low-default segments of the network are shown separately. Figure 6 presents the network with a low-default part (left panel) and a high-default part (right panel). As is clear from Figure 6 , the high-default segment of the network constitutes a concentrated part.
In total, 2,521 estimated high-quality nodes make up 19% of the network. The aggregators and HCs are overrepresented among the high-quality nodes: 21 of 54 HCs are high quality, as are 1,071 out of 2,030 aggregators, whereas only 1,429 out of 11,095 lenders are high quality. There are 2,170 systemically pivotal nodes. A disproportionately high fraction of these, 66%, were high quality, compared with only 9.9% of the remaining 11,012 nodes. Thus, the additional incentives that pivotal nodes had to invest in quality were important for the outcome. High-versus low-default parts of 2006 network High-(left) and low-default (right) part of network, between originators and aggregators (above) and between aggregators and holding companies (below). The outer circle of nodes represents originators of record (11,095 in total), sorted clockwise in increasing order of quality of loans. The middle circle represents aggregators (2,030 in total) with the same ordering. The inner circle represents the holding companies (56 in total). The cutoff is made so that links with a higher than 80% default rate are shown in the right panel, whereas links with a lower default rate are shown in the left panel.
Within the mortgage lending industry, we argue that the main lever for firms to ensure high quality is to invest sufficient time on loan applications to filter out lemons. In our loan flow network we do not observe the time spent on loans, but we can see firms' employee profiles and therefore calculate a measure of labor intensity. We obtain our labor intensity measure for each firm in the sample using SAS and Python to merge by the firm name of each mortgage originator, aggregator, and holding company in our sample with firm names in another data set, called the National Establishment Time-Series (NETS) data. The NETS data provides a nearly-complete census of all U.S. establishments and includes information on the firm names, geographic location, number of employment positions at the location, and the eight digit NAICS number among other firmlevel identifiers. 20 Our merge success rate between the NETS data and our loan-level mortgage data, using multiple passes of fuzzy merging technology, was quite high and we were able to accurately match employment data to 20 The data are were obtained from Walls and Associates and they are constructed as a panel of annual snapshots of Dun and Bradstreet (D&B) credit rating data. Walls and Associates compiles the raw D&B snapshots into a continuous longitudinal data series. In our application, we use the 2005, 2006, and 2007 data panels.
98% of the mortgage holding companies, to 94% of the aggregators, and to 74% of the originators. 21 Each establishment in NETS contains information on the number of employment positions that exist at that establishment. An important advantage of the NETS data is that it provides a linkage between each establishment and the firm's headquarters establishment. Using these firmfamily linkages, we are able to compute the total employment base for each of the firms in our sample of originators, aggregators, and holding companies. We use this labor intensity measure as an independent observation of quality and explore how it is related to our estimated quality vector, which we stress is not based on employment data. PanelAof Table 6 shows how many firms are within the top 50-90 percentiles with respect to number of employees, which are also estimated to be high quality. We do this both for the aggregator group and for all firms (the results for the HQ group go in the same direction but the group is too small to obtain statistical significance). For example, there were 169 aggregators that were both within the 90th percentile with respect to number of employees and estimated to be high quality. This was 66% higher than 102, which would be the expected number if the two variables were independent, so the two variables are strongly positively related both economically and statistically, as are the results for the other percentiles and when calculated for all firms.
As previously discussed, quality is positively correlated with node size, and this is also the case for number of employees. To disentangle what is driving the positive relation with quality, we regress labor intensity (number of employees per loan) on quality and log-loan size in Panel B of Table 6 . The coefficient is positive at the 5% significance level in the aggregator group, and strongly positively significant (t-statistic of 7.2) when all firms are used. The results are very similar when loan origination costs and default rates are included in the regressions. Thus, the documented relation between our estimated quality vector and the independently observed employment variables is indeed positive.
Predicted and realized default rates Prediction 4.
There is a positive relation between predicted and realized loan performance.
As mentioned above, our estimation of the market in 2006 is based onm = 4 steps in the clearing mechanism. By allowing shocks to propagate for one more period, we can generate (out-of-sample) predictions for the change in preinsolvency cash flows between 2006 and 2007, 22 G =Gm =5 −Gm =4 . Panel A compares the realized overlap of nodes (Columns 2 and 5) that are both high quality and in the top employment percentile shown in the first column, with the benchmark expected overlap if these variables were independent (Columns 3 and 6). The excess fraction of firms compared with the benchmark is shown in Columns 4 and 7. Columns 2-4 present for nodes among the aggregator group, and Columns 5-7 present for all nodes. Panel B shows regressions of labor intensity on quality, size, default rate and origination cost. Columns 2-4 are for aggregators, and Columns 5-7 are for all firms. Employment data are available for 94% of aggregators (1,917 out of 2,030) and 78% of all firms (10,294 out of 13,182). Labor intensity is winsorized at the 1% level, to control for outliers. (*), (**), and (***) represent significance at the 5%, 1%, and 0.1% level, respectively.
Given the assumptions of our model, this predicted change ought to be negatively related to realized changes in defaults over the period, We calculate these values for the 6,876 nodes that were present in the 2007 sample: 45 HCs, 687 aggregators, and 6,144 lenders (altogether slightly more than half of the 2006 sample of 13,182 nodes). Results are shown in Table 7 . Panel A shows OLS regressions of actual performance on predicted performance, quality choice, whether a node was systemically pivotal, and also on a node's size measured as the logarithm of the number of loans it handled. Columns 1-4 show the results for the full sample, and Columns 5-8 focus on lenders and Columns 9-12 on aggregators. 23 In line with our prediction, the coefficients are strongly significantly negative for the predicted performance coefficient, both in the univariate and multivariate regression. The coefficients are also significant for the aggregator subsample, whereas the coefficients have the right sign but are not significant for the lender subsample. Prediction 5. There is lower predicted performance of firms that defaulted than of those that remained in the sample.
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The companies that dropped out of our sample between 2006 and 2007 mainly did so because they defaulted. 24 They were thus the companies that performed the worst during the time period, which ought to be correlated with the model's predicted performance.
Comparing the mean G for the nodes that remained in the sample and those that dropped out, using a two-sample t-test, the mean is −0.0036 for the remaining nodes, and −0.025 for those that dropped out. The difference is strongly statistically significant, with a t-statistic of 23.3.
For robustness, we carry out several variations of the tests. Panel B of Table 7 shows that the results are similar when using univariate and multivariate rank correlation regressions, which are more robust to nonlinearities. The choices of usingm = 4 steps for the clearing mechanism in the estimation, and 5 steps for the predicted 2007 performance, are also somewhat arbitrary. The results are very similar when we vary the steps between 3 and 6, and also under multivariate regressions on an arbitrary subset of the variables in the table (not reported).
Prediction 6. Ex ante effects, that is, financial norms, should be important for the model's ability to predict future defaults.
The model without financial norms is nested, in that when R = 0 there is no benefit to firms from investing in quality, and they will therefore all choose to be low quality. This allows us to study the importance of allowing for heterogeneous financial norms for our results. Specifically, by forcing R = 0, we turn off the financial norm component of the model. We estimate the network and predicted performance for this special case. Regardless of the number of steps in the clearing mechanism,m ∈{3,4,5,6}, we find no relationship between predicted and realized default rates. Thus, the financial norms are indeed important for the results.
Conclusions
In our network model of intermediaries, heterogeneous financial norms and performance, as well as systemic vulnerabilities, arise as equilibrium outcomes. The optimal behavior of each intermediary, in terms of its attitude toward risk, the quality of the projects it undertakes, and the intermediaries it 24 Of the eleven holding companies that no longer appear in the 2007 sample, 82.82% of those firms went bankrupt, were closed, or were acquired. Of the twenty two aggregators that no longer appear in the 2007 sample, 72.72% went bankrupt, were closed, or were acquired. Among the top 50 lenders that no longer appear in the 2007 sample, 25% went bankrupt, were closed or were acquired. Among all of these firms, bankruptcy was the primary cause of exit from the sample.
chooses to interact with, are influenced by the behavior of its prospective counterparties. These network effects, together with the intrinsic differences between intermediaries, jointly determine financial strength, quality, and systemic vulnerability, at the aggregate level of the market, as well as for individual intermediaries. We apply the model to the mortgage origination and securitization network of financial intermediaries, using a large data set of more than three million mortgages originated and securitized through the private-label market between 2005 and 2007. As predicted, the network position of an intermediary is strongly related to the default rates of its loans, above and beyond geographical and other observable factors. In addition, firm performance is related to the performance of neighboring firms in the network, even after controlling for the performance of loans issued by those neighboring lenders. Moreover, an independent quality observation-labor intensity-is positively related to our estimated quality. Finally, the model predicts future default rates, though this predictive ability goes away if we turn off the financial norms component of the model, emphasizing the joint importance of both ex ante and ex post components of the model. Altogether, our results show the importance of network effects in the U.S. mortgage market, suggesting that our equilibrium framework for jointly studying network structure and financial norms is fruitful in this market. A stable equilibrium is said to be maximal if E =Ē. We note that since we focus on pure strategies, the existence of stable equilibrium is not guaranteed, which has not been an issue in the examples we have studied. Neither is uniqueness of stable equilibrium guaranteed.
It follows that the following conditions are necessary and sufficient for there to exist acceptance and quality strategies such that (q,E) is an equilibrium:
The first condition ensures that each agent makes the optimal quality choice at t = 0, given that no change to the network is made. The second condition ensures that it is not optimal for any agent to sever all links and become isolated. The third condition ensures that there are consistent beliefs about future actions, such that no agent has an incentive to sever a link at t = −2. The fourth condition ensures that there are consistent beliefs about future actions, so that no two agents can be made jointly better off by adding a link.
Appendix D. Computation of Equilibrium
An important property of our approach is that it can be applied to large scale real-world networks. Assume that the network, E, size vector, s, and the cost vector, c are observable, but that the parameter values φ = (R L ,R H , R,d,p) , and the quality vector q ∈{0,1} N are not. The project cash-flows (3), given a state realization ξ , are in vector form
We assume that preinsolvency cash flows,G, including noise, are observed afterm steps of the clearing mechanism,ŵ = CM P re CF P |m − c s q + ,
where is a vector of independent, identically normally distributed noise.
Given an equilibrium quality vector, q, we define the best response for agents (at time 0), given the actions of other agents,
where we as before assume that indifferent agents choose low quality, so that F is a single-valued function. For q to be consistent with equilibrium, it must be that q = F (q). We define the equilibrium set Q ⊂{0,1} N , as Q(φ)= {q : q = F (q)}.
An estimate of the unobservable quality vector, q, and thereby of all other properties of the equilibrium network, is given by solving the problem:
Here, the mean squared norm is used, and it then follows that (D2) is the maximum likelihood estimator of the equilibrium, conditioned on there being a shock, that is, conditioned on ξ = 1.
The equilibrium behavior of nodes in N U is characterized by Proposition 6. For nodes in N S , which in our application to the U.S. mortgage market make up a small fraction (less than 20%) of the network, the characterization is not as simple. For each node in N S , the value of being high quality needs to be compared with the value of being low quality, leading to two full evaluations of the clearing mechanism for each such node. Importantly, however, it follows easily that the optimal quality choice of a node does not depend on the quality choices made by other nodes. Thus, rather than iterating over all possible combinations of quality choices of the nodes in N S , each node's behavior can be determined on its own, allowing for efficient calculation of the equilibrium set Q(φ).
Also note that although the observed network structure, size vector and cost vector are highdimensional in a market like the U.S. residential mortgage market with thousands of intermediaries, the model is actually strongly specified in that only the five parameters in φ are free in the estimation (D2).
Appendix E. Proofs
Proof of Proposition 1. The value if the agent invests in quality is Proof of Proposition 2. It immediately follows from Proposition 1 that in any isolated equilibrium, agents will choose the same quality q 1 = q 2 . We therefore focus on the risk-sharing equilibrium. Without loss of generality, assume that intermediary 1 is high quality and intermediary 2 is low quality in equilibrium. The value of intermediary 1 is then
For it to be an equilibrium strategy for agent 1 to be high quality, it must be the case that this value weakly dominates that of being isolated and choosing high quality, which is
and also that it strictly dominates the value of risk sharing and choosing low quality, which is
that is, V A ≥ V B and V A >V C . In words, these conditions ensure that the diversification benefits of sharing risk for the high-quality agent outweighs his cost of giving away the payoffs of a highquality project for the payoffs of a low-quality project, and also the cost of investing into being high quality. It is easy to show that the first inequality is satisfied if and only if
and that the second inequality requires that p(1−π ) R > c in this case.
The value for the low-quality agent if switching to high quality while still sharing risk is
which, given the restriction (E4), is equal to
versus 
is sufficient for agent 2 to switch. Thus, q 1 = 1, q 2 = 0 is ruled out as a risk-sharing equilibrium, since regardless of parameter values it is optimal for at least one of agent 1 and 2 to deviate. Note that if we relax the constraint V A >V B , corresponding to not allowing agent 1 to cut the link to agent 2, it is easy to construct examples where q 1 = 1 and q 2 = 0. The proposition therefore does not in general hold if the network is exogenously given. QED Proof of Proposition 3. Given a maximal network with no quality investments, the value of each node is
We first note that, given that the network E * is sustainable, no node has an incentive to be high quality since the cost of investing in quality is c 0 N , whereas the expected benefit is only p 0 N × R N , which is dominated for large N. Thus, only q = 0 may be an equilibrium quality vector for the maximal network.
It follows that no node in the low-quality maximal network has an incentive to sever a link, since the resultant network will again be one of low quality (N is large), with the resultant value for the node that severed the link being the same as in the maximal network:
The only incentive a node may have to deviate from the low-quality complete network is thus to completely isolate. If either of the conditions in (a) is satisfied, it follows from Proposition 1 that the isolated outcome is low quality, with value V I = 1− p 0 N R H <V , and the isolated outcome is therefore dominated by the low-quality maximal network for all nodes. Thus, in this case, the low-quality maximal network is indeed an equilibrium.
If both conditions in (a) fail, it follows from Proposition 1 that the isolated outcome is one high quality, with resultant value
so the low-quality maximal network is not an equilibrium network in this case. We are done.
Proof of Proposition 4. (i) First note that for large N it will never be the case that a low shock realization for a peripheral node causes the hub to default, since peripheral nodes are relatively small. Peripheral nodes are thus insulated from shocks to other peripheral nodes in the star network, regardless of the quality decisions made by nodes. We first study the case in which (R L +R H )/2 >d and R/2 >c 0 /p 0 . Given a high-quality star network, the value for a peripheral node is:
A peripheral node's payoff, if switching to low quality, is
<V , so no peripheral node has an incentive to switch to low quality. Moreover, no peripheral node has an incentive to isolate, since isolation with low quality gives a value of
and isolation with high quality gives a value of
Finally, it is easy to verify that the value of two peripheral nodes that form a link and stay high quality remains V , whereas at least one of them has strictly lower value if either of them switches to low quality, so no two nodes can be found that have an incentive to form such a link. Thus, no peripheral node has an incentive to deviate from in a high-quality star equilibrium network. The situation is very similar for the hub-node, which with the high-quality star network strategy has a value of (N −1)×V . The values of the alternative strategies-switching quality, isolating and being of low and high quality-are also N −1 times higher, (N −1)×V , (N −1)×V , and (N −1)×V , respectively. leading to the same conclusion as for the peripheral nodes. Finally, the value remains (N −1)×V if the hub severs one link, so it has no incentive to do so.
The argument is also very similar in the case in which (R L +R H )/2 ≤ d <(R L + R +R H )/2 and R L + R > c 0 /p 0 . In this case, the value for a peripheral node of being high quality remains V , whereas it is V − 1 N (p 0 (R L + R)−c 0 ) <V if the node switches to low quality. Also, the values of isolation remain the same, V <V and V ≤ V , respectively, and the node therefore has is no incentive to isolate. An identical argument as before implies that neither is there an incentive for two peripheral nodes to form a link. Finally, the argument for the hub-node is also identical to the previous case. We have shown (a).
For (b), an argument similar to that made in (a) shows that neither peripheral nodes, nor the hub, have incentives to switch from low to high quality. It also follows from Proposition 1 that V I = 1− p 0 N R H <V , so the nodes have no incentives to isolate either. Moreover, it is easy to check that the hub is no better off after severing a link to a peripheral node. Finally, the same argument as before implies that two peripheral nodes have no incentive to form a link. Therefore, (ii) follows.
For (c), we denote the peripheral node n's value of being high quality in a star network by V H , and of low quality by V L , given the quality decisions of the other nodes, q −n . It is easy to verify that regardless of q −n ,
If V > 0, all peripheral nodes therefore choose to be high quality, and otherwise all peripheral nodes choose to be low quality. Finally, the value difference between high and low quality for the hub is (N −1)× V , and thus the hub chooses the same quality as the peripheral nodes. We are done.
Proof of Proposition 5. Note that Proposition 4 covers the special case in which α = 1. The main difference between Proposition 4 and Proposition 5 is that when α = 1 the risk-sharing between the hub and peripheral nodes is no longer balanced. If α <1, the hub still shares half its risk in total, but each peripheral nodes shares less than half of its risk. If α >1, the situation is reversed and the hub shares less than half of its risk in total whereas the peripheral nodes each share half of their risk. For (a), similar parameter restrictions as for (a) and (b) of Proposition 4 allows the construction of high-quality and low-quality equilibrium star networks. Specifically, regardless of α, if c 0 is sufficiently high and (1−x)R L +xR H >d, where x = 1 2 min(α,1/α), an argument similar to that made in Proposition 4 (a) implies that E S with q = 1 is an equilibrium. Similarly, if c 0 is sufficiently low and (1−x)R L +xR H >d, an argument similar to that made in Proposition 4 (b) implies that E S with q = 0 is an equilibrium.
For (b), note that when α <1, the hub shares half of its risk, whereas the peripheral nodes share less than half of their risk. The hub therefore has less of an incentive to choose high quality than a peripheral node, given the star network, E S . Specifically, the peripheral node chooses high quality if (1−α/2) R > c 0 /p 0 , whereas the hub chooses high quality if R/2 >c 0 /p 0 . It is therefore possible to construct an equilibrium with high-quality peripheral nodes and a low-quality hub, by choosing c 0 2p 0 R ∈ (1,2−α). For example, it is straightforward to verify that this is an equilibrium outcome for the economy with c 0 = 1/2, p 0 = 1/2, R = 4 3−α , R L = 1/2, R H = 6, and d = 3. Now, for α ≥ 1, the hub shares less than half of its risk whereas peripheral nodes share half of theirs, so the hub is high quality whenever the peripheral nodes are, due to a similar incentive argument as before.
For (c), an argument similar to that made in (b) implies that only if α >1 may it be possible to construct an equilibrium star network such that the hub is high quality and the peripheral nodes of low quality. Indeed, given the star network E S , (1−1/(2α)) R > c 0 /p 0 > R/2 is necessary and sufficient for such quality choices. However, in contrast to peripheral nodes, the hub may choose to sever a link to one of its neighbors. It is easy to check that for large N, this will always be optimal-and thus E S will not be an equilibrium network-since severing a link allows the hub to still avoid default in case of a low shock, while keeping a higher fraction of its (high-quality) project than under E S . Thus, a high-quality hub, low-quality peripheral node, star network equilibrium outcome is not feasible. QED Proof of Proposition 6. If node n chooses high quality, its value is
whereas if it chooses low quality, its value
Here V is the expected value of cash flows conditioned on ξ n = 1, which is the same regardless of q n , since node n's project cash flows are the same (R H ) regardless of q n if ξ n =1. So, node n will choose to be high quality, if and only if
and it is easy to verify that the requirement that either condition (1) or (2) in the proposition holds is necessary and sufficient for (E8 Here, n,1 > n,0 since n ∈ N S , and an identical argument as that in the proof of Proposition 6 shows that conditions (1) or (2) are sufficient for the value of being high quality to outweigh that of being of low quality. QED Proof of Proposition 8. The result is immediate, since any node that is not systemically pivotal never affects whether any of its neighbors becomes insolvent, and therefore never affects the cash flows to any of its neighbors' neighbors. QED Proof of Proposition 9. By the definition of the sharing rule (8,9), it follows that jj ≥ nj for all n. Therefore, a well-diversified connection of node n, j , will have nj ≤ jj <κ, which it is easy to verify implies that it survives a shock initiated by node n, regardless of node n's quality choice. Since all of node n's other connections are also well diversified, there will be no negative cash flow spillovers from other nodes, so neither of n's connections therefore default. Thus, n ∈ N U . QED
